In recent times, Aerial Base Stations(AeBSs) are being investigated to provide wireless coverage to terrestrial radio terminals. There are many advantages of using aerial platforms to provide wireless coverage, including larger coverage in remote areas and better line-of-sight conditions, etc. Energy is a scarce resource for the AeBSs, hence the wise management of energy is quite beneficial for the aerial network. In this context, we study the means of reducing the total energy consumption by designing and implementing an energy efficient AeBSs as presented in this paper. Implementing the sleep mode in the Base Stations (BSs) has been proven to be a very good approach for improving the energy efficiency and we propose a novel strategy for further improving energy efficiency by considering ternary state transceivers for AeBSs. Using the three state model, we propose a Markov Decision Process (MDP) based algorithm, which intelligently switches among three states of the transceivers based on the offered traffic meanwhile maintaining a prescribed minimum channel rate per user. We define a reward function for the MDP, which helps us to get an optimal policy for selecting a particular mode for the transceivers of the AeBS. Considering an AeBS with transceivers whose states are changeable, we perform simulations to analyse the performance of the algorithm. Our results show that, compared with the always active model, around 40% gain in the energy efficiency is achieved by using our proposed MDP algorithm together with the three-state transceivers model. We also show the energy-delay tradeoff in order to design an efficient AeBS.
Introduction
Aerial Base Stations (AeBSs), namely the unmanned aerial vehicles mounted base stations, provide a promising solution to complement the capacity and coverage of terrestrial cellular systems, especially in some special situations when the terrestrial base stations are not enough to provide coverage and capacity. With significant progress in the drone technology, like longer average flight time, increased payload capacity, higher capability to harvest solar energy and better power management techniques, AeBSs can serve a multitude of purposes such as communication, surveillance and localization, offering a flexible solution to increase the capabilities of current terrestrial cellular systems. Aerial platforms are categorized according to their altitude capabilities as follows:
High altitude platforms (HAPs): Where the platforms operate above the stratosphere (ranging from 17 to 22 km) [1] . Low altitude platforms (LAPs): Where the platforms operate in the troposphere (ranging from a few dozens to a few thousands meters) [2] .
Our research is focused on LAPs which provide coverage for smaller regions compared to HAPs. An LAP can be operated at elevations between a few dozens and a few thousands meters, depending on multiple factors such as the types of antennas, aircraft, radio technology, available payload power and intended relief missions. The quick deployment of the Unmanned Aerial Vehicles (UAVs) such as helikites, drones and airships, with respect to the terrestrial infrastructure, makes them suitable candidates for tackling a number of different challenges including increased coverage in remote areas, better Line-of-Sight (LoS) conditions and resilience to unexpected disastrous situations. Facebook Aquila Drone [3] is a good example of the ongoing AeBS projects, which proposes a novel solution for providing internet access from the sky by using the AeBSs. Aerial networks can also be deployed by the telecom operators in remote areas as a temporary solution to patch coverage gaps [4] . The Google Loon [5] experiment is an ambitious project intended to provide network coverage to the rural and remote areas. A major advantage of the AeBSs over static terrestrial base stations is that they can change their positions to serve a dynamic network for users optimally. An AeBS can be efficiently integrated into terrestrial cellular wireless networks to either serve the ground users directly or relay traffic to the terrestrial network [6, 7] . Fig. 1 provides a good overview of how aerial networks co-exist with the terrestrial cellular infrastructure.
Inspite of increased interests in this area, the research is still at its nascent stage and there are quite a number of challenges such as energy efficient AeBS design, aerial channel modeling, optimal altitude for placement of an aerial platform, etc., all of which need to be addressed before the aerial communication networks can actually be implemented. Some pioneering work has been done in literature to address these challenges. In the European Commission project ABSOLUTE [2] , a hybrid satellite-UAV ground network is developed by using the AeBSs to address public safety and capacity enhancement based on LTE communication systems. The main objective of the ABSOLUTE project is to design and validate an innovative holistic network architecture to ensure dependable communication services based on the rapid deployment, flexibility, scalability, resilience and provision of inter-operable broadband services. We provide a detailed literature review in the next section, where our study finds that the energy efficiency of aerial platforms, particularly that of the AeBSs, is not sufficiently addressed.
Energy is a scarce resource for the AeBSs, hence energy-efficient operation of such networks is important, given that the entire network infrastructure, including the battery-operated ground terminals, makes requirements to operate under power-constrained situations. Therefore, a wise management of energy is quite beneficial for the lifetime of the network. In this context, we study the means of reducing the total energy consumption by designing and implementing an energy efficient AeBS.
The Base Stations (BSs) consume the maximum portion (approximately 60-80%) of the total energy of every communication network [8] . Therefore, designing energy efficient BSs has become a most important issue for wireless communication. In the past few years, some significant work has been undertaken to reduce the transmitting power of the BSs, primarily by finding the minimum transmitting power which at the same time ensures the Quality of Service (QoS) in terms of coverage and capacity [9] [10] [11] . Industries and the academia have joined forces in some research projects to address the energy consumption issue in mobile systems. Some of these projects have ended up in proposing new energy efficient strategies for wireless communications, such as Energy Aware Radio and neTwork tecHnologies (EARTH) [12] , the GreenTouch consortium [13] , C2POWER [14] , Greenet [15] , etc. The primary focus of all communication networks (including the aerial networks) is on how to accommodate an expected traffic growth of 1000 times in terms of mobile data [16] while achieving an increased energy efficiency. The gain might be very high if the architecture allows switching off the unnecessary network resources to guarantee the target QoS for the offered traffic. In this scenario, a minimal or zero power consumption mode can play a very crucial role if its aim is to increase the energy efficiency of the network. Thus, network resources such as frequency carriers, power amplifiers and transceivers (TRXs) can be turned off or switched into low power consumption mode when they are not needed to reduce the global energy consumption. However, we must also consider the delay caused by the time required to wake up from the sleep mode. The deep sleep mode ideally consumes zero power, but it can cause a significant delay in service due to the wake up time needed; whereas in a lighter sleep mode (also known as stand-by mode) a resource consumes little power but wakes up very quickly. The proposed model presented in this paper provides a good trade-off between the energy efficiency and the wake-up delay, meanwhile ensuring a user-perceived QoS. We implement low and zero power consumption modes on the TRXs of an AeBS, without having to switch off the whole cell site. We also ensure that at least one TRX is active at all times so that the network provides coverage to the region all the time. We propose three different power consumption modes for the TRXs of an AeBS and a novel Markov Decision Process (MDP) based algorithm to control these modes of the TRXs of an AeBS within a QoS constraint.
The rest of the paper is organized as follows: Section 2 provides a review of related works in the concerned area. The network model, three state Markov model and proposed MDP based algorithm model are presented in Sections 3, Section 4 and Section 5 respectively. Section 6 presents the power consumption model. The simulation results, performance analysis and the steady state analysis of the MDP model are presented in Section 7. Finally, Section 8 provides a conclusion drawn from the work presented.
Related works
In the past few years, the unmanned aerial vehicles have been the prime focus of the researchers due to their ample applications. Some of the work on aerial platforms [17] [18] [19] have focused on multi-target tracking system, air-to-ground channel modeling, their performance as relay, etc., and some other pioneering works have proposed different approaches to increase the energy efficiency of AeBSs. The authors in Ref. [20] proposed an energy-efficient UAV communication approach via trajectory optimization by taking into account the propulsion energy consumption of the UAV. They derived a theoretical model on the UAVs propulsion energy consumption, on the basis of which the energy efficiency of the UAV communication was defined. The authors in Ref. [21] proposed two solutions, namely ETO-VAS and DTO-VAS. Both solutions use a linear integer programming formulation. ETO-VAS aims to reduce the energy consumption of a UAV and DTO-VAS aims to reduce the response time by favoring the selection of UAVs with more resource capacities. In Ref. [22] , the authors proposed an energy-efficient cooperative relaying scheme which extends the lifetime of the network while guaranteeing the success rate. They proposed a computationally efficient suboptimal algorithm to reduce the complexity of sceduling, where energy balancing and rate adaptation are decoupled and carried out in a recursive alternating manner. The authors in Ref.
[23] addressed a problem of energy efficiency maximization.They considered two variables (speed and load factor) of the UAV-based relay and then obtained a closed-form suboptimal solution based on an energy-efficiency metric, which is defined as the ratio of network capacity to the power consumption of both maneuvering and communication. The authors in Ref. [24] investigated the optimal trajectory and deployed the AeBSs to collect data from ground Internet of Things (IoT) devices. They proposed a new approach for optimal mobility of the UAVs to enable reliable uplink communications for IoT devices with a minimum energy consumption. Firstly, for a fixed ground IoT network, they minimised the total transmitting power of the devices by properly clustering the IoT devices, with each cluster being served by one UAV. Then the optimal trajectories of the UAVs are determined by exploiting the framework of the optimal transport theory to maintain energy-efficient communications in time-varying mobile IoT networks. The same authors also proposed an optimal deployment framework for deploying UAVs that act as flying BSs in Ref. [25] . They applied the optimal transport theory to obtain the optimal cell association, and derived the optimal UAVs locations by using the facility location framework. In Ref. [26] , the authors studied a UAV-based mobile cloud computing system, in which a moving UAV is endowed with computing capabilities to offer computation offloading opportunities to mobile users with limited local processing capabilities. Their approach aims at minimizing the total mobile energy consumption while satisfying QoS requirements of the offloaded mobile application. The offloading is enabled by uplink and downlink communications between the mobile devices and the UAV that take place by means of Frequency Division Duplex (FDD) via orthogonal or Non-Orthogonal Multiple Access (NOMA) schemes. In Ref. [27] , the authors analyzed the effectiveness of implementing a cooperative relay to improve the energy efficiency of the terrestrial terminals while communicating with the LAP platforms deployed for emergency recovery operations. Authors in Ref. [28] proposed a real-time adaptive transmission strategy for dynamically selecting the direct and cooperative links based on the channel conditions for improved energy efficiency. They showed that the cooperation among mobile terrestrial terminals on the ground could improve the energy efficiency in the uplink, depending on the temporal behaviour of the terrestrial and the aerial uplink channels. The design and evaluation of an adaptive cooperative scheme is proposed in Ref. [29] , with the aim of extending the survivability and improving the energy efficiency of the battery operated aerial-terrestrial communication links. Unlike all of these works, we propose a reinforced learning based sleep mode algorithm to reduce energy consumption of the AeBSs. Some research papers [30] [31] [32] [33] [34] [35] [36] [37] [38] [39] [40] [41] [42] [43] [44] have proposed different algorithms to implement the sleep mode in BSs to reduce energy consumption. The authors in Ref. [16] proposed an approach to reduce energy consumption in mobile networks by introducing discontinuous transmission on the base station side. In some of the pioneering works [30] [31] [32] [33] [34] , MDP has been used as an effective approach for implementing the sleep mode for green communications. In Ref. [30] , the authors proposed an MDP based optimal controller that is associated with an activation/deactivation policy which maximizes a multiple objective functions of the QoS and improves the energy efficiency. They showed that their algorithm saves more than 25% of energy needed to run the network over a typical day. Other papers such as [31, 32] , consider a single user and use a Markov chain technique to evaluate the energy savings due to the sleep mode mechanism of a single user terminal. The authors in Ref. [32] took correlated packet arrivals into account to evaluate an MDP based sleep mode mechanism. Authors in Ref. [33] considered a similar setting of one user and one station and showed how to derive the optimal sleep policy numerically by formalizing the problem as a Semi-MDP. The authors in Ref. [34] proposed a novel scheme for sleep scheduling based on a decentralized partially observable MDP (Dec-POMDP). Generally speaking, almost all of the above mentioned papers proposed the sleep mode for the BS in low traffic situations and the BS will be in the active mode for the rest of the time. We refer to this model as a '2-state model' as the BS can switch between two states only. The authors in papers [30] [31] [32] [33] [34] showed that this 2-state power consumption model can reduce energy consumption of the whole network significantly. However, the problem is that the BS takes significant time to wake up from the sleep mode, which may cause a call drop to the new users. This wake-up time can range from tens of seconds to a couple of minutes for small cells and up to 10-15 mins for a macro cell [40] . This is clearly a severe constraint for the performance of an energy efficient system. The authors in paper [16] proposed a low power consumption mode, which consumes small amount of power but wakes up within negligible time. Their power consumption model is similar to what we propose as the stand-by mode. Unlike the approaches published in the literature so far, we propose a Markov Decision Process (MDP) based energy saving algorithm for the TRXs of an AeBS so that they can intelligently switch among three different modes, thereby offering greater energy savings without significantly compromising the QoS.
Novelty of our work: As already presented in some pioneering works [30] [31] [32] [33] [34] 41, [44] [45] [46] , switching off a resource (such as TRX) within a BS or the whole BS is a very good approach to reduce energy consumption during low traffic conditions. However, each sleeping TRX takes significant amount of time to wake up and to become fully operable. As a consequence, some users may experience a delay in accessing the network and some calls might be dropped as well. In order to overcome the problem of call dropping due to the wake-up delay, we propose an energy efficient '3-state MDP model' for the TRXs within a BS. We propose three different modes, namely the 'active mode', ' stand-by mode' and 'sleep mode' for the TRXs of a BS. The TRXs are switched among the three modes, depending on the traffic conditions and the QoS requirements. The mode transition behaviour of the TRXs for a terrestrial BS was presented as a Markov model in our previous work as in Ref. [35] , in which a heuristic technique was used to switch among different modes of the TRXs. In this paper, we utilize this Markov model to formulate a MDP based algorithm to decide when to switch among one of the three power consumption modes. Another novelty of our work is in defining a reward function for the MDP, which helps us to get an optimal policy for selecting a particular mode for each TRX. We also show the energy-delay trade-off in order to design an efficient base station. We differentiate the stand-by mode from the sleep mode by demonstrating that a TRX in the stand-by mode consumes small amount of energy but takes negligible time to return to the active mode, whereas a TRX in the sleep mode consumes almost zero energy but takes more time to wake up. Hence the sleep mode gives us the advantage of power saving, whereas the stand-by mode allows us to avoid the wake-up delay. The hardware and software setups for these low power consumption and zero power consumption modes have already been proposed in literature [40] and [16] , but this is the first time to the authors' knowledge that both the sleep and stand-by modes have been employed to reduce energy consumption of an AeBS. As a result of applying the proposed 3-state MDP model, we find that a significant amount of energy can be saved under low traffic conditions while still fulfilling the QoS requirement in terms of data rate and call drop-out performance. We also ensure that at least one of the TRXs is always active so that the coverage is always preserved.
Network model
The AeBSs are linked to multiple terrestrial UEs and supported by an Evolved Packet Core (EPC) backhaul links. An AeBS platform may deploy one or more aerial devices, depending on the particular requirement for a communication system to support the required services. These aerial devices carry communication payload (4G LTE) with the backhaul links supported by the satellite communication (DVB-S2/RCS uplink broadcast) [29] . The first responders in the terrestrial segment are equipped with multi-radio mobile terminals (UE), with radio technologies such as LTE/WiMAX to communicate with the AeBS and WiFi/WPAN (IEEE 802.15.4) to communicate with the ground terminals.
We consider a cell served by one AeBS, which is equipped with N number of TRXs. In our proposed model, we implement low and zero power consumption modes on the TRXs of the AeBS. We adopt the architecture of a BS as described in Ref. [47] , which is shown in the RF front end of Fig. 2 . From this figure we can see that a BS has several Remote Radio Heads (RRH), which consist of an AMPlifier (AMP) and a TRX. The proposed algorithm is managed in the algorithm management unit, which is included in the base band unit of the BS as shown in Fig. 2 . The Mobility Management Entity (MME) unit of the EPC also has some contribution in the algorithm, as the MME can inform the BS if any new user is approaching the cell and if any handover is about to happen. Thus, the MME can help the BS to update the total number of active users. Hence the centralized management unit is included in the MME. The nomenclature used in the paper is provided in Table 1 .
Traffic Model: We adopt a traffic model in which the users arrive according to a Poisson process in the coverage area of the AeBS with a certain arrival rate, u λ and death rate, u μ . Here we include all the usersoriginating calls in the cell as well as the users being handed over from other cells.
Propagation Channel Model: The radio channel in the aerial networks is different from that of the traditional terrestrial networks. In the terrestrial networks, the transmitted signal travels through the urban or suburban environment, which decays as a function of distance. Usually, the pathloss of a terrestrial network is modeled as a log-distance model and includes the path-loss exponent in the estimation. On the other hand, in the aerial networks, the transmitted signal travels through the free space before reaching the urban or suburban environments where it undergoes scattering and shadowing. An Air-to-Ground (AtG) channel model for an aerial network was proposed in Refs. [48] and [49] which depends on the height of the AeBS and the elevation angle seen from the UE located at ground as shown in Fig. 3 . In our work, we adopt this AtG channel model as described subsequently. According to [48] and [49] , the path loss
Here η is the excessive pathloss due to the scattering and shadowing, which is estimated by using the simulation model described in section-V of [48] for 2000 MHz frequency; FSPL is the free space pathloss, which can be calculated from Eq. (2):
where Δh sinθn is the distance (d) between the AeBS and the UE, and f MHz is the system centre frequency in MHz; Δh ¼ h AeBS À h UE ; h AeBS is the altitude of the AeBS and h UE is the height of the UE; θ n is the elevation angle measured in degree, which represents as the angle at which the AeBS is seen from the UE's location. Furthermore, we assume that the UEs have slow movement on the ground, and therefore the channel is not varying over time, at least in several transmissions. The propagation effect on the terrestrial side due to various obstacles is modeled by a random shadowing component X on top of the mean pathloss PL [50] . In particular, we adopt the log-normal shadowing model for XðdBÞ as described later in this section. It is noteworthy that this random shadowing component makes our considered problem a stochastic process. The received Signal to Noise Ratio (SNR) per user is given by a link budget calculation using eq. (3),
where P out is the transmitting power of the BS in dB; G t and G r are the transmitting and receving antenna gains in dBi respectively; P n is the noise power in dB and X is log-normal shadowing in dB, given by a Gaussian random variable with mean 0 and standard variation σ [50] .
Then Shannon's capacity formula [50] is used to determine the required bandwidth for all of the active users for a minimum target data rate, as shown in Eq. (4):
where R t is the target data rate and snr is signal to noise ratio in linear value. Fig. 2 . LTE-radio architecture [RRH, AMP, TRX, Home Subscriber Server (HSS), MME, Serving GateWay (S-GW), Packet data network GateWay (P-GW), Base Band Unit (BBU)]. 
Markov modeling of transceivers and the base station
We consider an AeBS having N number of TRXs. The required number of active TRXs, to guarantee the service, varies with the traffic condition and with random shadowing component; hence it gives us the opportunity to put the rest of the TRXs in an idle mode, in which they are nonoperational and consume less power. However, each TRX needs some significant time to wake up from the sleep mode, which causes a delay in providing service to the new users. Table 2 outlines the delay required for a TRX to remain in the active mode, or switch to the active mode from either the stand-by or the sleep mode.
Therefore, in order to design an energy efficient and delay-aware BS, we propose a 3-state model for the TRXs of an AeBS. These states can be defined as follows:
1. Active Mode: In the active mode, the TRX is in fully operational mode and consumes maximum power of all states. 2. Stand-by Mode: In the stand-by mode, the TRX is in low power consumption and non-operational mode, in which it consumes a small amount of power and requires negligible wake-up time to go back to the active mode. Researchers from Ericson [16] have reported that a cell consumes approximately 10W power in the stand-by mode and takes approximately 30μs to go into the active mode. 3. Sleep Mode: In the sleep mode, the TRX is totally switched off so that it consumes almost zero power but takes longer time to wake up. The authors in Ref. [40] have reported that small cells can take tens of seconds to a couple of minutes to wake up from the sleep mode, where a macro BS takes 10À15 minutes to wake up from the sleep mode. Note that there is some non-zero ultra-low power consumption during the sleep mode, but this ultra-low power consumption is assumed to be negligible compared to the power consumed in the active mode.
Hence the sleep mode is treated as a zero power consumption mode in this paper.
Motivation of using three different modes
The well-known advantage of implementing the sleep mode in the base stations is the reduction in energy consumption, while the main cost of implementing the sleep mode in a TRX is the switching delay as it takes at least 40À60 seconds [39] to switch into the fully operational mode. On the contrary, any TRX in the stand-by mode consumes considerable power, but it takes negligible time (around 30μs ) to switch into the operational mode. Therefore we utilize both modes so that we can have the power saving advantage from the sleep mode and reduce the activation delay by utilizing the stand-by mode. Fig. 4 graphically depicts the time and energy required to switch between the active mode and the sleep mode. The energy gain for being in the sleep mode equals ðP act À P slp Þt slp , where P act and P slp represent the power consumption in the active and the sleep mode, respectively, and t slp is the duration of the time spent in the sleep mode. It is clearly shown in the figure that a TRX needs quite a long time (t slpÀact ) to wake up from the sleep mode and become active. This wake-up delay issue of the sleep mode was highlighted in Fig. 6 of paper [39] , in which Gomez et al. showed that, a resource element takes approximately 5sec to shut down (switch to sleep mode), and approximately 60sec to switch on (switch to active mode). In a power limited AeBS, this wake-up delay significantly limits the base station's ability to meet the QoS requirements. However, the wake-up delay can be minimised by adding an intermediate stand-by mode to the sleep mode. This additional state model gains an energy efficiency by utilizing the sleep mode, as well as a reduced wake-up delay from the stand-by mode.
Markov model for a transceiver
As per our proposed model, TRX-1 is a single state TRX since it is always active to preserve the coverage and TRX-2 is only capable of switching between the active and the stand-by mode. The state transition ðtÞ; where q; j; l 2 0; 1; 2 represent the indexes of state and action receptively, SðtÞ represents the current state and Sðt þ 1Þ represents the next state at (t þ 1) after taking action aðtÞ at time instant (t). In Figs. 5 and 6 and the remaining sections of this paper, we ignore the time index in the transition probabilities for the sake of simplicity.
Markov model for the base station
Based on the states of the TRXs as defined in the previous section, we can further define the states of the AeBS, which would be the combinations of different states of all the TRXs as described in this section.
States of the BS: Based on the states S n j of the TRXs, where n ¼ 1; 2; 3; …; N and j 2 f0; 1; 2g, the 1 st state of the BS is given by Π 1 ¼ [S 
MDP based algorithm for the AeBS
In this section, we present our algorithm which applies three different modes on the TRXs of an AeBS. According to our proposed model, we change the states of the TRXs once at a time, therefore it is sufficient that we only perform our decision policy on the 3 rd TRX if it is on the sleep mode, or the m th TRX which is on the stand-by mode, where 3 m N. In this way, we only need to run a decision making strategy (the MDP solution) on the chosen TRXs as mentioned above to find the optimal policy for the entire AeBS. We use Value Iteration Algorithm (VIA) [52] to solve the MDP and find the optimal policy to estimate the state transition sequence for the m th TRX based on the reward function which is to be explained in the following subsection. Additionally, the optimal policy decides the optimal action and hence the state transition sequence for the ðm À 1Þ th TRX. Thus the transition probability for the m th and ðm À 1Þ th TRX is calculated based on forward algorithm [52] by using the state transition sequences of the particular TRXs. The detail of the MDP and VIA is provided in the following subsection. The rest (N À m) TRXs are kept in the sleep mode if the optimal policy decides to keep the m th TRX in the stand-by mode. However, if the optimal policy decides to switch the m th TRX to the active mode then the ðm þ 1Þ th TRX will switch to the stand-by mode, keeping the remaining TRXs in the sleep mode.
MDP algorithm
In this section, we define the action, the reward function and the transition probability to formulate the MDP based algorithm of the AeBS. Afterward, VIA is used to obtain the optimal policy to solve the MDP.
Action: If we apply the Markov decision policy on the n th TRX, then action a Reward: The reward function for a state Π i and action ζ m 2 ζ is defined as Eq. (5), where i ¼ 1; 2; …; N
On the other hand, the energy consumption of the AeBS is proportional to the number of active TRXs (N act ) and the number of active TRXs is proportional to the total required bandwidth to provide satisfactory QoS. Hence the reward function can be represented as Eq. (6) 
Where b ζ m is the total required bandwidth to provide satisfactory QoS for a certain action ζ m 2 ζ, b max is the maximum available bandwidth and b min is the minimum bandwidth that can be offered by the AeBS to satisfy the QoS requirement. Transition Probability: The transition probability depends on the randomness of some parameters, such as randomness of the traffic, the shadowing component and the spatial distribution of the users. Because of these random events, a closed form transition probability is unobtainable due to the complex nature of the problem. Therefore we adopt a MonteCarlo simulation based approach to calculate the transition probability. For simulation purpose, the state transition probabilities for the TRXs for a particular set of simulation parameters are presented in the simulation results section.
Value Iteration Algorithm: If we denote VðΠ i Þ as the maximum expected total reward for an initial state Π i and future state Π iþ1 , then the optimality equation is given by Eq. (7) as follows:
Here, RðΠ i ; ζ m Þ is the reward function for a state Π i 2 Π and action ζ m as explained in Eq. (6); Pr½Π iþ1 jΠ i ; ζ m is the transition probability between the current state Π i 2 Π and the future state Π iþ1 2 Π for an action; ζ m 2 ζ; ζ is the set of all possible actions, Π is the set of all possible states and λ is the discount factor. The solution of the optimality equation corresponds to the maximum expected total reward VðΠ i Þ and the MDP optimal policy ϕðΠ i Þ. This MDP optimal policy ϕðΠ i Þ indicates the decision of allocating a certain mode to a particular TRX. As explained in Algorithm.1, VIA [52] is used to solve this optimization problem, where λ is the discount factor.
We assume equal distribution of BandWidth (BW) among the TRXs, hence each of the TRXs is able to offer a bandwidth of BWT N to the users, where the total bandwidth of the BS is BW T . When all the TRXs are active, then the BS can support the maximum number of users by offering them the satisfactory QoS (in terms of data rate) for a given call arrival rate and death rate within its coverage area. Our proposed model is more effective in low traffic situations when some of the TRXs can be put to the low power consumption mode without degrading the QoS. We first start by monitoring the number of active users in the coverage area and then calculate the total required bandwidth by using the above mentioned propagation model at each decision epoch. After that, we calculate the reward by using this required bandwidth and determine the transition probabilities as mentioned above. Finally, VIA is used to determine how many TRXs (N act ) are required to be in the active, stand-by and sleep mode during that decision epoch. Note that we always keep one of the TRXs in the stand-by mode (unless all of the TRXs needs to be active) (N std ¼ 1) so that the new users experience minimal delay in accessing the network.
Power consumption model
The total power consumed in the AeBS depends on the number of the active, stand-by and sleeping TRXs. The following power consumption model presented in Eq. (8) is used to determine the total power consumption of an AeBS for our proposed 3-state model, it is derived from papers [12] and [53] . (8) where N act , N std and N slp denote the number of TRXs in the active mode, stand-by mode and sleep mode respectively; P out is the output power or transmitting power; dP is the slope of load-dependent power consumption which is represented as a linear transmission power dependence factor in Ref. [53] ; P o and P std are the power consumption at minimum non-zero load and in the stand-by mode respectively. Please note that the TRXs in the sleep mode ideally consume zero power. We assume that switching from the sleep to the stand-by mode and from the stand-by to the active mode incur negligible (approximately zero) power consumption, hence the switching power consumption is not added in Eq. (8) .
The reference values of all these variables for an AeBS [12] is shown in Table 3 . In order to find the total energy consumption of the AeBS, we apply trapezoidal numerical integration [54] on the power consumption curve of the AeBS. For the 'All TRX active' mode, we do not apply any sleep or stand-by mode to the TRXs, hence we consider that all of the TRXs are always active regardless of the traffic requirement. The power consumption model for this mode is given in Eq. (9) where N is the total available TRXs in the eNodeB and N tx is the number of transmitting TRXs which is equivalent to N act in Eq. (8) .
Two-State Power Consumption Model: In the 2-state model as proposed by some of the pioneering works [30] [31] [32] [33] [34] , all of the inactive TRXs are kept in either the stand-by mode or the sleep mode. This model can be expressed as the following power consumption model as in Eq. (10) , where N low is the number of TRXs either in the stand-by mode or in the sleep mode. We have compared our proposed model with two different 2-state models, namely 'Frenger 2-state (active-standby) model' where N low ¼ N std , and 'Combes MDP based 2-state (active-sleep) model' where N low ¼ N slp . 
Simulation results
We use Matlab simulation to present the simulation results in this section. We use the traffic model as mentioned in the network model section to determine the total number of users in the coverage area of the AeBS at each decision epoch in the above mentioned propagation channel environment. The value iteration algorithm is used to solve the optimal policy, which determines the particular mode (active, stand-by and sleep) for each TRX during every decision epoch. Finally the above mentioned power consumption model is used to find the total power consumption of the BS for different models. The total observation period is 2 h and the simulation parameters are given in Table 3 . For the set of parameters provided in Table 3 , we find the transition probability matrix for the second TRX (TRX2) as the Eq. (11) and the transition probabilities for the third TRX (TRX3) are shown in Fig. 10 . 
For our proposed model, TRX2 is capable of moving only between state S 0 (the stand-by mode) and state S 1 (the active mode) depending on the traffic condition. For the TRX3 the transition probabilities among all of the three states for certain actions are presented in Fig. 10 . In this figure, S 0 , S 1 and S 2 represent the states of the TRX3 at the sleep, stand-by and active mode respectively; and a [30] . Proposed MDP based 3-State Model: According to this model, the TRXs are capable of switching among the active mode, the stand-by mode and the sleep mode following the optimal policy given by the MDP. Fig. 7 clearly shows that, using the proposed MDP model, we can save a significant amount of power than 'All TRX Active' and 'Frenger 2-State Model' under the low traffic condition. This is because, as per our proposed algorithm, some of the TRXs are in the active mode, one of them is in the stand-by mode and the rest of them are in the sleep mode; whereas in 'Frenger 2-State Model' all of the unused TRXs are in the stand-by mode. On the other hand, the 'Combes MDP Model' puts all of the unused TRXs in the sleep mode only, which results in less power consumption compared to our proposed model but causes longer wake-up delay. This wake-up delay can cause some call drops for the new users who need to wait for a sleeping TRX to wake-up and provide service. In order to see the delay performance of the above mentioned four different models, we generate Fig. 9 , which shows the percentage of the total users experiencing delay (from delay group defined in Table 2 ) in receiving service within the observation period for the four different models. As expected, all the users in All TRX Active Model will experience no delay (delay group-1) at all because all of the TRXs are always active for this mode. On the other hand, Frenger 2-State Model uses the stand-by mode and our proposed model uses the standby and sleep mode, therefore few (around 12%) of the users experience approximately 30 μsec (delay group-2) of delay for both models. On the contrary, these users (around 12%) experience a longer delay which is approximately 40sec (delay group-3) in the Combes MDP Model as it implements only the sleep mode for the unused TRXs. From these results we can say that although the users experience small amount of delay in our proposed model as a consequence of the stand-by and sleep mode in the unused TRXs, this disadvantage is outweighed by the benefits of reduced energy consumption. As expected, the power consumption is the same for the two states and three states models in higher traffic conditions, as almost all of the TRXs need to be active in order to support the load. However, our proposed model offers a fair share of energy efficiency and delay in the low traffic condition.
The bar chart shown in Fig. 8 compares the energy consumption among all models and shows that, compared to the energy consumption of the All TRX Active Model, our Proposed MDP based 3-State Model can reduce approximately 40% of the energy consumption. Note that the energy consumption of this figure has been normalized by the energy consumption of the All TRX Active Model. We have applied trapezoidal numerical integration [54] on the power consumption curves in order to find the total energy consumption of the BS. The transition probabilities among these states are found from the state transition probabilities of the TRXs.
For instance, the transition probability of the AeBS between state-1 and state-2 is as follows: are the probability of transition between active-active for TRX-1, probability of transition between stand-by and active for TRX-2 and probability of transition between sleep and stand-by for TRX-3 respectively. Following the similar steps, we find the state transition probability matrix for the entire BS as presented in Eq. (13) . 
As the state transition process of the TRXs and AeBS follows an MDP model, therefore they converge at the steady state, when the current state becomes the same as the future state. Hence if the state vectors of the AeBS are ½Π 1 Π 2 Π 3 at the steady state, then it must follow the following conditions as in Eq. (14) and Eq. (15) 
Once we get the state probability vectors for the AeBS, then we can find the expected energy consumption of the entire BS from Eq. (17):
Here N is the total number of states of the BS, Pr½Π i is the probability of being in the i th state of the BS which is found from the state vector, and χ i is the energy consumption at that particular state. Using the given set of parameters provided in Table 3 for a BS consisting of three transceivers, we find the expected energy consumption as 0:40996MJ, which is close to the calculated energy consumption (0:407018MJ) of the BS with three state TRXs using the MDP model. Therefore, our expected energy consumption provides pretty close estimation to our calculated energy consumption for the Proposed MDP based 3-State Model.
Effect of the parametric variation
In this section, we vary different parameters and show their effect on the energy consumption of the AeBS. At first, we vary the altitude of the AeBS in Fig. 11 and find that the energy consumption increases with the altitude of the AeBS but becomes almost constant after a certain altitude (above 900 m) for the given set of parameters. This is because all of the TRXs need to be active in order provide satisfactory service above that particular altitude. These results demonstrate that our proposed model consumes less energy than the All TRC Active Model and Frenger 2-State (active-standby) Model, but consumes a bit more energy than the Combes MDP based 2-State (active-sleep) Model. Fig. 12 shows the expected delay experienced by the users, from which we can see that the Combes MDP based 2-State (active-sleep) Model offers more delay than the proposed 3-State Model, the Frenger 2-State (active-standby) Model and the All TRX Active Model. The delay decreases with the altitude of the AeBS as higher altitude requires more TRXs to be active, puts less TRXs in the sleep/stand-by mode, and consequently reduces the required delay to wake up.
The effect of varying minimum acceptable data rate on the energy consumption is shown in Fig. 13 . We find that the energy consumption increases with target data rate. Fig. 14 shows the expected delay experienced by the users for different target data rate, which shows that increasing the target data rate decreases the delay after a certain point, and that is because higher data rate puts less TRXs in the sleep/stand-by mode and reduces the required delay to wake up.
It is evident for all of these four figures that, although the Combes MDP based 2-State (active-sleep) Model is the model that comsumes the least power among all of the considered models, it causes the highest amount of delay. On the other hand, the delay experienced by the users are the same in the Frenger 2-State (active-standby) Model and Fig. 11 . Effect of varying the altitude of the AeBS on energy consumption. our Proposed MDP based 3-State Model, but the energy consumption in the Frengers 2-State Model is more than our model. Therefore, our proposed model offers a good energy-delay trade because it not only reduces energy consumption, but also call dropping caused by wake-up delay.
Conclusion
In this paper, we propose a novel strategy to improve the energy efficiency of the AeBS by using the Markov decision process. The proposed method considers a three-state TRX model in the active, sleep and standby modes where the states are switched one an other based on the MDP based algorithm. In the MDP based approach we propose a novel reward function, which helps us to find the optimal policy to improve the energy efficiency depending on the traffic conditions and the QoS requirements. Our results indicate that the AeBS can save a significant amount (appx. 40%) of energy in the low traffic condition compared to the always active mode, while the delay experienced by the user due to wake-up time of sleeping TRXs is very small. After comparing the results of energy efficiency and delay with other algorithms found in literature, we find that our proposed model offers fair shares of energy efficiency and delay. Our future work will be focused on experimenting the proposed method on a three state prototype TRX BS in house and comparing the simulation based study. Moreover, a stochastic geometry based energy efficiency analysis is also expected to be done as part of the future work.
